Abstract-While the detection of social subgroups (i.e., communities) has always been a fundamental task in social network analysis, few efforts has been made to characterize the detected community. Meanwhile, to effectively facilitate applications based on the community structure, it is very important to understand the features of each community. Thereby, a systematic community profiling mechanism is needed. With the recent surge of location-based social networks (LBSNs, e.g., Foursquare, Facebook Places), huge amount of digital footprints about users' locations, profiles as well as their online social connections provide sufficient metadata for community profiling. Different from social networks (e.g., Flickr, Facebook) which have explicit groups for users to subscribe or join, LBSNs usually have no explicit community structure. In order to capitalize on the large number of potential users, quality community detection and profiling approaches are needed so as to enable applications such as direct marketing, group tracking, etc. In this paper, based on the user-venue check-in relationship and user/venue attributes, we come out with a novel community profiling framework. Specifically, we first adopt edge-clustering to simultaneously group both users and venues into communities, and then based on the rich metadata of users and venues we put forward a quantitative community profiling mechanism to indicate the preferences, interests and habits of a community. The efficacy of our approach is validated by intensive empirical evaluations using the collected Foursquare dataset of 266,838 users with 9,803,764 check-ins over 2,477,122 venues worldwide.
I. INTRODUCTION
With the wide adoption of GPS-enabled smart phones, location-based social networks (LBSNs) have been experiencing increasing popularity, attracting millions of users. In LBSNs, users can explore places, write reviews, upload photos, and share location and experiences with others. Checkins are performed at physical locations (i.e., venues), such as universities, monuments, or bars. The soaring popularity of LBSNs has created opportunities for understanding collective user behaviors on a large scale, which are capable of enabling many applications, such as direct marketing, trend analysis, group search and tracking.
A community is typically thought of as a group of users with more and/or better interactions amongst its members than between its members and the remainder of the network [1] , [2] . While the detection of social subgroups (i.e., communities) has always been a fundamental task in social network analysis, few efforts has been made to profile the detected community. Meanwhile, to effectively facilitate applications by leveraging the community structure, it is very important to understand the characteristic of each community. Thereby, systematic community profiling mechanisms are needed. With the recent surge of location-based social networks (LBSNs, e.g., Foursquare, Facebook Places), huge amount of digital footprints about users' locations, profiles as well as their online social connections provide rich metadata for community profiling. However, different from social networks (e.g., Flickr, Facebook) which have explicit groups for users to subscribe or join, LBSNs usually have no explicit community structure. In order to capitalize on the large number of potential users, quality community detection and profiling approaches are needed.
It has been well understood that people in a real social network are naturally characterized by multiple community memberships. For instance, a person usually belongs to several social groups like family, friends and colleges. Thus, it is more reasonable to cluster users into overlapping communities rather than disjoint ones. Most of the community detection approaches proposed so far are based on structural features (e.g., links) [3] , but the structural information of online social networks is often sparse and weak, thus it is difficult to detect interpretable communities by considering only network structural information [4] . Meanwhile, for some applications (e.g., advertising and marketing) it is more valuable to group users based on their interests than their social links with others. Fortunately, on one hand, LBSNs provide rich information about the user and venue through check-ins, which makes it possible to cluster users with different preferences and interests into different communities in LBSNs. On the other hand, edgecentric co-clustering has been proved to be an efficient method to discover overlapping communities in online social networks [5] .
From the perspective of service providers, it is equally important to identify user groups with similar interests and understand what each group is interested in. In contrast to the existing work on community detection from the network structure perspective, which seldom addresses the profiles of the detected communities, we take community profiling into account when selecting the community detection method. We believe that it's crucial to characterize communities in a semantic manner to effectively support real-world applications. However, due to the limitation of available node information, not much work has been done on community profiling. The rich user and venue metadata available in LBSNs, especially the hierarchical structure of venue categories, provides us the possibility to characterize the identified communities semantically.
In summary, the main contributions of this work are:
• We investigate the community profiling problem by utilizing the rich user/venue metadata in LBSNs based on edge-clustering. Specifically, we put forward a quantitative community profiling mechanism by taking into account the attributes of users and venues.
• We consider both community detection and profiling in a unified framework and obtain communities containing user and venue information simultaneously. In such a way, each community explicitly shows who is interested in where with what attributes, which is very useful in supporting real applications. The rest of this paper is structured as follows. Section II presents the related work. Section III formally defines the community detection problem in LBSNs, followed by the introduction to data collection in Section IV. The proposed community profiling framework is presented in Section V. Afterwards, Section VI analyzes the detected communities based on the proposed community profiling mechanism. We conclude our work and discuss possible future directions in Section VII.
II. RELATED WORK
In this section, we briefly review the related work which can be classified into two categories.
The first category contains the research on understanding the collective user behaviors based on Foursquare and other LBSNs dataset. Scellato et al. [6] , [7] analyzed the social, geographic and geo-social properties of four social networks (BrightKite, Foursquare, LiveJournal and Twitter). Noulas et al. [8] investigated the user check-in dynamics and the presence of spatio-temporal patterns in Foursquare. Cheng et al. [9] studied the mobility patterns of Foursquare users and revealed the factors affecting people's mobility. Vasconcelos et al. [10] analyzed how Foursquare users exploited three features (i.e., tips, dones and to-dos) to uncover different behavior profiles.
Only two studies aimed at uncovering group profiles in LBSNs. Li et al. [11] proposed two different clustering approaches to identify user behavior patterns on BrightKite. One approach exploited the update (i.e., check-ins, photos and notes) of users to classify them into four disjoint groups according to their mobility, namely, home, home-vacation, home-work and others. The second approach clustered users based on attributes such as total number of updates, social features and mobility characteristics, and led to the identification of five disjoint groups, namely, inactive, normal, active, mobile and trial users. The second study was performed on Foursquare. Noulas et al. [12] used a spectral clustering algorithm to group users based on the categories of venues they had checked in, aiming at identifying communities and characterizing the type of activity in each region of a city. Although the aforementioned studies offer important insights into properties of user interactions in LBSNs, none of them worked on community profiling based on network links and node attributes. Our work aims to fill in this gap by discovering and profiling these overlapping communities, so as to enable direct and group-oriented marketing businesses.
The second category involves the work on community detection which is a classical task in complex network analysis [1] , [2] , [13] , [14] . A community is typically thought of as a group of nodes with more and/or better interactions amongst its members than between its members and the remainder of the network [1] , [2] . To extract such sets of nodes, one typically chooses an objective function that captures the intuition of a network cluster as set of nodes with better internal connectivity than external connectivity, and then one applies approximation or heuristics algorithms to extract node clusters by optimizing the objective function and revealing good communities for the application of interest. In general, community detection can be classified into two types: disjoint and overlapping methods. Some popular methods are modularity maximization [13] , [14] , Girvan-Newman algorithm [1] , Louvain algorithm [15] , clique percolation [16] , link communities [17] , etc. As users in LBSNs have rather weak and sparse relations [18] , one cannot naively apply community detection based solely on the links found in these social networks and expect to generate interpretable communities.
In this work, we propose to leverage both the check-in relationships between users and venues as well as their attributes for community profiling. Specifically, we adopt edgeclustering to discover communities in LBSNs, viewing both users and venues as unified elements for clustering. With this novel approach, users, venues together with their attributes are grouped in a natural way, where the detected communities have explicit semantic meanings that can be interpreted as community profiles.
III. PROBLEM STATEMENT
Homophily is one of the important reasons that people connect with others [19] , which can be observed everywhere in LBSNs. For example, users coming from the same country might have common habits which lead to similar check-in patterns, users have similar social roles are more likely to check in the same places, and users check in the same places might have similar preferences and interests. The homophily phenomenon in LBSNs suggests that communities should consist of like-minded users, therefore, a community in LBSNs should be a group of users who are more similar with users within the group than users outside the group. Specifically, the similarity is mainly reflected in people's life styles, social roles, preferences and interests, rather than online inter-user links.
In LBSNs, users tend to frequently check in venues which are important to them or they are interested in. By analyzing the check-in history, we can obtain the user's check-in pattern from temporal, spatial as well as social aspects, which can be seen as a representation of her life style, social role, preferences or interests. In this paper, a community is defined as a cluster of edges (i.e., check-ins) with user and venue as two modes, where the common attributes of users and venues characterize the properties of the community.
We use = ( 1 , 2 , . . . , ) to represent the user set, and = ( 1 , 2 , . . . , ) to denote the venue category set, a community
(1 ≤ ≤ ) is a subset of users and venue categories, where k is the number of communities. On one hand, the check-in relationship between users and venue categories form a matrix M, where each entry ∈ [0, ∞) corresponds to the number of check-ins that has performed over . Therefore, each user can be represented as a vector of venue categories, and each venue category can be denoted as a vector of users. These inter-mode features will be mainly used for community detection. On the other hand, users and venue categories might have several independent attributes, denoted as ( 1 , 2 , . . . , ), and ( 1 , 2 , . . . , ) respectively. Normally, every attribute reveals a certain social aspect of users or venue categories. For instance, a user has a certain number of followers and followings, and a venue category has a common operating time. These intra-mode attributes will be mainly utilized for community profiling.
Based on the above notations, community detection and profiling in LBSNs can be formulated as an edge-centric coclustering problem as follows:
Input: 
Output:
• k overlapping communities with explicit profiles.
IV. DATA COLLECTION
Foursquare is a popular LBSN which has more than 20 million registered users till April 2012, and about 3 million check-ins are performed per day [20] . In this section, we introduce the dataset used for this study.
Foursquare API [21] provides limited authorized access for retrieving check-in information, therefore we resort to Twitter streaming API [2] , [22] to get the publicly shared check-ins in this work. The data collection started from October 24th, 2011 and lasted for 8 weeks, which results in a dataset of more than 12 million check-ins performed by 720,000 users over 3 million venues. Meanwhile, we also crawled metadata related to users and venues, including every user's Twitter profile and every venue's Foursquare profile. Before community detection, we pre-process the collected dataset as follows. First of all, we excluded check-ins that are performed over invalid venues. In this paper, invalid venues refer to those that cannot be resolved by Foursquare API, and thus the detailed information of these venues is not available. Consequently, about 7.52% of the check-ins are removed from the dataset. Secondly, we only keep users who have performed at least one check-in per week on the average (referred as active users), which means inactive users together with their check-ins are excluded. Finally, users who used agent software conducting remote and large scale automatic check-ins (with a check-in speed faster than than 1,200 km/h, which is the common airplane speed) are defined as sudden move users [9] , and check-ins from these users are eliminated. We observed a total number of 9,276 sudden move users, which occupy about 3.36% of the active users.
After the above data cleansing, the remained dataset includes 266,838 users and 9,803,764 check-ins which were performed over 2,477,122 venues.
V. COMMUNITY PROFILING FRAMEWORK
The observation that a check-in on LBSNs reflects a certain aspect of the user's preferences or interests enlightens us to cluster edges instead of nodes, as the detected clusters of check-ins will naturally assign users into overlapping communities with connections to venues. Specifically, after obtaining edge clusters, overlapping communities of users can be recovered by replacing each edge with its vertices, i.e., a user is involved in a community as long as any of her check-ins falls into the community. In such a way, the obtained communities are usually highly overlapped. The key idea of the proposed framework is shown in Figure 1 .
As indicated in Figure 1 , we first select features based on the characteristics of the collected LBSNs dataset and then perform feature normalization and fusion. Second, the overlapping community structure is detected by using the proposed edge-centric co-clustering algorithm. Finally, by combining the detected communities together with user/venue metadata (e.g., user social statues, venue categories), we obtain the community profiles to interpret the social and semantic meanings of communities.
A. Edge-Centric Co-Clustering
As stated in the introduction section, we define a community in LBSNs as a group of users who are more similar with users within the group than users outside the group. Therefore, communities that aggregate similar users and venues together should be detected by maximizing intra-cluster similarity rather than maximizing modularity. This objective function is formulated as:
where k is the number of communities, = { 1 , 2 , . . . , } is the detected community set, denotes an edge of community , and ( , ) is the similarity between and . With this formulation, the key is to characterize the similarity between an edge and a community. To this end, we first introduce the definition of edge similarity.
In a user-venue check-in network, each edge is associated with a user vertex and a venue vertex. By taking an edgecentric view, each edge is treated as an instance with its two vertices as features. In other words, the similarity between a pair of edges can be defined as the similarity between the corresponding user pair and venue pair as:
where ( , ) is the similarity between two users, ( , ) is the similarity between two venues, and represents the function used to combine these two similarities, by balancing the weights of the user mode and the venue mode. The formalism of depends on the characteristics of the expected communities as well as the targeted applications. Considering the similarity trade-off between user mode and venue mode, two widely used formalisms of are ( + )/2 and √ × . In this work, we adopt the second notion to ensure that a pair of edges are of high similarity if and only if they are of high similarity in both user-mode and venue-mode.
Since each community contains a set of edges, based on Equation 2, the similarity between an edge and a community is defined as:
where | | refers to the number of edges within community and represents an edge from . As shown in Equation 2, the edge similarity is defined based on two mode similarities (i.e., user similarity and venue similarity). In the following subsection, we present the calculation of these two mode similarities in detail.
B. Feature Description 1) Characterizing the User with a Venue Category Vector:
Foursquare classifies venues into 400 categories under 9 parent categories. We identify 274 venue categories by merging those similar ones, and consequently based on a user's check-in venues, each user can be represented as a vector of 274 dimensions. We build a 266,838×274 matrix to represent all the active users within the collected dataset. Afterwards, this matrix is refined based on principal component analysis, which is able to convert a set of observation of correlated variable into a set of value of linearly uncorrelated variable under a latent space. By applying principal component analysis on the raw matrix, we obtain a 266,838×100 matrix which covers 95.62% of the total variance. After the conversion, each user is represented as a vector of 100 dimensions in the latent space.
Based on the above matrix, the user-mode similarity for a pair of users and is calculated based on cosine similarity as follows:
where ⃗ and ⃗ refer to the feature vectors of and in the latent space, respectively.
2) Characterizing the Venue Category with a User Vector:
As we have mentioned, each venue category of Foursquare can be denoted as a vector by treating users as features as well. Following the same approach as the above section, we obtain a 274×100 matrix by performing principal component analysis on the original 274×266,838 matrix, which covers 95.34% of the total variance. As a result, each venue category corresponds to a vector of 100 dimensions in the latent space. Similarly, the venue-mode similarity is also defined using cosine similarity.
3) Clustering Algorithm: Based on the above formulation, the edge-clustering problem is converted into an ordinary clustering issue, which can be handled by adjusting k-means as follows:
• While k-means selects the mean (i.e., geometric center) of all the instances (i.e., edges) in a cluster as its centroid, we represent each centroid by using the whole set of instances within the cluster. According to the definition of the similarity between an edge and a cluster in Equation 2, if a set of multi-mode edges are denoted by a single vector, the obtained similarity will be significantly different.
• While representing each centroid as a set of instances ensures the precision of the obtained similarity, the computation complexity increases from ( × ) to ( 2 ). To improve the time efficiency, each centroid is denoted as a structure which consists of four components: a list of current instances within the centroid ( ), a list of instances that are assigned to the centroid during last iteration ( , ), a list of instances that are removed from the centroid during last iteration ( , ), and the similarity array between the previous centroid and the whole set of instances ( ( , , )).
Based on the above adjustments, the proposed k-means based clustering method is presented in Algorithm 1. At the beginning, k edges are randomly selected (line 1) based on which a set of initial centroids are constructed (lines 2-7). Afterwards, during the iteration, given a centroid we compute the similarity that each edge has obtained (line 14) as well as the similarity it has lost (line 15) during the last reassignment, based on which the current similarity between and is calculated (line 16). Edge is assigned to the centroid that is most similar to itself, and the corresponding similarity is marked as (lines [17] [18] [19] [20] . Centroid updating is performed based on the reassignment of edges (line 23). At the end of each iteration, the current value of the objective function is calculated ( , line 24) to compare with the previous value (line 25). The iteration terminates if and only if the difference between these two values is smaller than the predefined threshold (line 26). Experiments based on our dataset show that the algorithm usually converges within 100 iterations.
Algorithm 1: Edge-Centric Co-Clustering
Input: E, an edge list { |1 ≤ ≤ }; k, the number of communities; M , the user-mode similarity matrix; M , the venue-mode similarity matrix; Output: C, a set of detected communities; 
C. Metadata Description
Based on the discovered community structure, the next task is to quantitatively characterize communities so that we can understand the features of each community. In this subsection, we will present useful metadata in LBSNs for community profiling.
1) User Geo-Span: The user geo-span (a.k.a. radius of gyration) is another metric that can be used to distinguish the life style of different users, which is defined as the standard deviation of distances between a user's check-ins and her home location. In LBSNs, a user's home location is defined as the centroid position of her most popular check-in region [7] . The user geo-span metric is able to indicate not only how frequently but also how far a user moves. Generally, a user with low radius of gyration mainly travels locally (with few long-distance check-ins), while a user with high radius of gyration has many long-distance check-ins. The formal definition for radius of gyration is as follows:
where n is the number of check-ins made by a user, and − ℎ is the distance between a particular check-in location and the user's home location ℎ .
2) User Social-Status: There are two lists in each user's Twitter profile, a follower list and a following list. In this paper, we define a user's social status as the ratio of her number of followers to her number of followings. Specifically, the social status of a user is formalized as:
According to the above definition, users with high social status are those who have many followers and fewer followings. To some extent, these users act as hubs of the social network.
D. Community Profiling based on Metadata
Community profiles are characterized by the metadata of important users and venues that fall into the community, i.e., user geo-spans, user social statues, and venue categories. To profile a community, we first compute the importance of each user and each venue-category based on their involvement degree and then profile the community by constructing a feature vector, which shows the characteristics of a community.
Specifically, the importance of a user in community is quantified by the percentage of 's check-ins that fall into ; the importance of a venue category in community is defined as the percentage of 's check-ins that is of category . A user or venue category is a significant entity of a community if and only if its importance exceeds a predefined threshold . Without loss of generality, in this paper we use 0.1 as the importance threshold for both user and venue category. In such a way, we can obtain a list of important users as well as a list of important venue categories for each community, which serve as the basis of community profiling. Afterwards, a community can be represented as follows:
In Equation 7, each tuple < , > or < , > denotes either a user mode feature or a venue mode feature and the corresponding value. Particularly, on one hand, the value of a user mode feature is calculated based on the metadata of important users in community . For example, the geospan of is defined as the average of its important members' radius of gyration. On the other hand, venue mode features of a community mainly refer to the significant venue categories in , where each venue mode feature corresponds to a venue category and its value is the same as the importance of . In the next section, we will present how the proposed community profiling method can be used to analyze and characterize the features of communities.
VI. COMMUNITY PROFILING AND ANALYSIS
This section presents the evaluation results of the proposed community profiling framework. We begin with the description of experiment setup and design, and then present the obtained results.
A. Experiment Setup and Overall Design
To evaluate the performance of the proposed framework, we chose three big cities (i.e., Paris, New York and Tokyo) as the target societies.
We first calculated the home location of all the active users, then a set of users for each city are selected based on the distance between their home locations and the geometric center of the corresponding city. Specifically, we set the distance threshold as 10km, yielding 1,432, 3,503, and 2,674 users for Paris, New York and Tokyo, respectively. Afterwards, all the check-ins produced by these users during the data collection period are extracted, resulting 49,160, 108,451 and 120,494 check-ins, respectively. Meanwhile, all the features and metadata used in the experiments are calculated.
The objective of community profiling is to show how the detected communities look like. Based on profiling and further analysis, we aim to see whether the detected communities can be used to guide real world applications, such as the advertisement for group purchasing.
This paper aims to present the community profiling results from the following aspects:
• Demonstrating an overall community structure to shed lights to the profiling and analysis of the detected communities.
• Investigating LBSNs users membership transition across different granularity (i.e., different k-values).
• Revealing the characteristics of different cities based on the detected communities.
B. Overlapping Communities
In order to show an overall community structure, without loss of generality, we set k as 30, and use Paris dataset. Figure  2 illustrates the overall structure of the discovered communities. We use the proposed profiling method in Equation 7 to characterize the biggest community in Figure 2 as an example. Specifically, this community consists of 362 important users, whose average social-status is 1.62 and average geo-span is 427.32. Meanwhile, this community includes only one important venue category (Office) and its importance is 0.58. Thereby, this community can be profiled as: {<Social-Status, 1.62>,<Geo-Span, 427.32>,<Office, 0.58>}. To make the result more clear, we cluster the communities into 10 groups based on their profiles.
According to Figure 2 , we can see the size of a community (as shown by the number), the main activities of a community (from the tag size) and the overlapping degree between any two communities (from the links). For example, the biggest community in Paris is Office (362 users), which has more than 30% overlapping users with the Bar community (129 users), the French Restaurant community (187 users), as well as the Food and Drink Shop community (152 users). Apparently, it depicts the life style of the white-collar workers. Assume there are two highly overlapping communities and one of them is a mature market, the advertisers can then penetrate the other community by using the existing marketing channels.
C. Membership Transition across Different Granularity
The granularity of communities is mainly determined by the given community number k. We perform community detection using another k-value (60) on the Paris dataset, and then compare the obtained community structure with the one when k is 30 (as shown in Figure 2 ). We find lots of one-to-many corresponding relationships between communities from these two community structures. An example is depicted in Figure  3 .
According to Figure 3 , we can see that most check-ins of the left community were performed over Government Building and University, and the rest of check-ins were performed over College Academic Building and other venue categories. After splitting the 30 communities further into 60 communities (k=30→60), we observe that three new and smaller communities with dominated venue category of Government Building, University and College Academic Building are generated to inherit the main characteristics of the original community shown on the left side. This indicates that, on one hand, when k is smaller larger communities are formed with more diverse user features; on the other hand, while k is larger these large communities are divided into smaller ones with more focused and homogenous features. Thus, the original community has the trend to split based on different user feature dimensions. From a macroscopic view, the membership transition is a refining process in the same feature space where the instances (i.e., users) do not change their positions in the space. This observation can be used to guide market segmentation. 
D. Revealing City Characteristics
In order to find the common and different phenomenon among multiple cities, we apply the proposed overlapping community profiling method to two other cities (i.e., Tokyo and New York) using same k-value. To make the comparison manageable, we cluster the detected communities of each city into ten groups based on their profiles, and then compare the characteristics these three cities. The results are show in Table  I , where ten groups are generated for three different cities, each group is labeled according to the major user check-in categories. In each entry of Table I , the three numbers denote the number of important users in a group, the ratio of the group size and the total user number of the corresponding city, and the number of communities within a group, respectively. By comparing the results in Table I , the characteristics of Foursquare users in these three cities can be revealed. Generally, most groups are observed in every city even through the ratios are different. For example, while food and transport related communities cover a large portion of users, few users fall into communities of home, outdoor and sport. This is easy to understand because people usually have more time to check in and socialize when they eat or travel than they conduct other activities.
Interestingly, these three cities are very different in terms of culture. For instance, 34% of the Foursquare users in Paris fall into the art group, which is almost double as that of the other two cities. This might be due to the fact that Paris is the art capital of the world. Compared to New York, more Foursquare users in Paris and Tokyo (46% and 41% respectively) belong to the store group, while the percentage in New York is only 13%. This can be explained by the fact that a large percentage of users spending their time shopping in Paris and Tokyo due to the attraction of luxury goods or electronic products in these two cities, while most users in New York commit to other activities due to the diversified attractions there. Meanwhile, very few Foursquare users fall into the nightlife group in Tokyo, which may be caused by the difference between eastern and western culture. Compared to the other two cities, Foursquare users from New York are more interested in sports activities.
VII. CONCLUSION
Location-based social networking services (LBSNs) allow users to explore places, write tips, and share their locations and experiences with others. To some extent, a user's activities in LBSNs represent her life style, and the huge amount of user check-ins and other metadata available in LBSNs provides the opportunity to investigate the community structure of a target society from spatial, temporal as well as social perspectives.
While the community detection has always been a fundamental task in social network analysis, few efforts has been made to characterize the detected community. In this paper, by leveraging the user-venue check-in network and user/venue metadata, we propose a novel community profiling framework to discover and characterize communities for LBSNs users. Experimental results show that the proposed framework is able to discover overlapping communities with explicit profiles, which can be used to depict and compare the characteristics of different cities. Meanwhile, various applications, e.g., group advertising and marketing, can be facilitated by leveraging the profiles of the discovered communities.
The preliminary study suggests several interesting problems that are worth exploring further. Taking into consideration more features and metadata for community discovering and profiling might be one direction. How to use the proposed community profiling framework helping the study of friend and place recommendation mechanism is another direction.
